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Long-Term Stability of Motor Cortical Activity: Implications
for Brain Machine Interfaces and Optimal Feedback Control
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The human motor system is capable of remarkably precise control of movements— consider the skill of professional baseball pitchers or
surgeons. This precise control relies upon stable representations of movements in the brain. Here, we investigated the stability of cortical
activity at multiple spatial and temporal scales by recording local field potentials (LFPs) and action potentials (multiunit spikes, MSPs) while two
monkeys controlled a cursor either with their hand or directly from the brain using a brain–machine interface. LFPs and some MSPs were
remarkably stable over time periods ranging from 3 d to over 3 years; overall, LFPs were significantly more stable than spikes. We then assessed
whether the stability of all neural activity, or just a subset of activity, was necessary to achieve stable behavior. We showed that projections of
neural activity into the subspace relevant to the task (the “task-relevant space”) were significantly more stable than were projections into the
task-irrelevant (or “task-null”) space. This provides cortical evidence in support of the minimum intervention principle, which proposes that
optimal feedback control (OFC) allows the brain to tightly control only activity in the task-relevant space while allowing activity in the task-
irrelevantspacetovarysubstantiallyfromtrial totrial.Wefoundthatthebrainappearscapableofmaintainingstablemovementrepresentations
for extremely long periods of time, particularly so for neural activity in the task-relevant space, which agrees with OFC predictions.
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Introduction
Animals perform complex learned movements countless times
with little error. This consistent performance implies some level
of stability within movement representations in the motor cor-
tex. However, several experiments have also shown substantial

variability in individual neuronal representations (Padoa-
Schioppa et al., 2004; Carmena et al., 2005; Rokni et al., 2007).
Here, we face an unanswered question of fundamental impor-
tance: at what spatial and temporal scales do stable representa-
tions exist? More specifically, do neurons have a constant
relationship with a given movement or is there some other mech-
anism through which highly variable neuronal signals produce
consistent movements?

The stability of motor cortical signals is also an important
issue in the design of brain–machine interfaces (BMIs), which
translate brain signals into controls for external devices such as
prosthetic arms. Stable BMI performance depends, at least partly,
on the stability of the input signals. However, it remains unclear
whether movement representations at the single-neuron level are
stable over long time periods (months to years). Prior studies
have found conflicting evidence of single-unit stability, with
some showing variability (Carmena et al., 2005; Rokni et al.,
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Significance Statement

It is unknown whether cortical signals are stable for more than a few weeks. Here, we demonstrate that motor cortical signals can
exhibit high stability over several years. This result is particularly important to brain–machine interfaces because it could enable
stable performance with infrequent recalibration. Although we can maintain movement accuracy over time, movement compo-
nents that are unrelated to the goals of a task (such as elbow position during reaching) often vary from trial to trial. This is
consistent with the minimum intervention principle of optimal feedback control. We provide evidence that the motor cortex acts
according to this principle: cortical activity is more stable in the task-relevant space and more variable in the task-irrelevant space.
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2007) and others showing stable properties over the course of a
few hours (Stevenson et al., 2011), days (Chestek et al., 2007), or
weeks (Ganguly and Carmena, 2009). Recently, numerous stud-
ies have used unsorted threshold crossings (multiunit spikes, or
MSPs) in both scientific and neuroprosthetic experiments
(Fraser et al., 2009; Chestek et al., 2011; Flint et al., 2013; Todo-
rova et al., 2014), yet the level of stability of these signals has not
been investigated. Local field potentials (LFPs) have long been
postulated to be more stable than spikes (Pesaran et al., 2002).
Indirect evidence of LFP stability over months to a year was sug-
gested by stable ensemble decoding performance both during
reaching (Chao et al., 2010) and in an online BMI (Flint et al.,
2013). However, it is still desirable to obtain direct evidence of
this stability in terms of the information that each individual
signal provides.

Here, we examine directly the stability of LFPs and MSPs in
the primary motor cortex (M1) of monkeys controlling a cursor
using either arm movements (hand control) or BMI control over
a period of months to years. Because the BMI translates M1 ac-
tivity directly into cursor movement, it removes any variability
that could be introduced along the efferent pathway between
motor cortex and muscles. Therefore, we can assess directly the
stability of M1 signals with respect to cursor movement. Overall,
we find that LFPs, and to a lesser extent MSPs, maintain stable
representations of cursor movement over very long time periods.

How can this finding be reconciled with reports of motor
cortical variability? The framework of optimal feedback control
(OFC) provides one potential explanation. OFC postulates that
the brain controls movement in a given task by correcting only
those errors that interfere with task objectives—the minimum
intervention principle (MIP). This is achieved by limiting vari-
ability in a “task-relevant” space (the space relevant to objectives)
and ignoring variability in a task-irrelevant or “task-null” space
(Scholz and Schöner, 1999; Todorov and Jordan, 2002). Here, we
investigated the differential stability of both LFPs and MSPs in
task-relevant and task-null spaces. We found that, over the long
term, stability is extremely high in the task-relevant space and
lower in the task-null space. These findings provide important
and novel cortical population-level evidence supporting OFC in
the neural control of movement.

Materials and Methods
Experimental methods. All procedures were approved by the Northwest-
ern University Institutional Animal Care and Use Committee. The be-
havioral training, surgical implantation, and recording methods for the
current study were described in detail in Flint et al. (2013). Briefly, two
adult rhesus macaques, one male and one female (Monkeys C and M),
were each trained to use a two-link manipulandum to move a cursor
(1-cm-diameter circle) within a rectangular planar workspace (20 � 20
cm) to sequential targets in a random target pursuit task (Fig. 1A). The
choice of a random target task was motivated by our desire to sample
more of the kinematic workspace than would be sampled by a center-out
task. In each monkey, we surgically implanted a 96-electrode silicon array
(Blackrock Microsystems) into the primary motor cortex contralateral to
the arm used to control the cursor. We recorded LFPs and unsorted
threshold crossings (which we term here MSPs) during the reaching
behavior and built Wiener cascade decoders consisting of a linear Wiener
filter cascaded with a third-order polynomial (Westwick et al., 2006) to
relate end-point 2D velocity to MSP or LFP signals. LFP decoders were
built using features extracted from the continuous LFP signal (Flint et al.,
2012a). For each electrode, we calculated the local motor potential
(LMP) by averaging the time domain signal in 50 ms bins (Schalk et al.,
2007) and the spectral power in 5 frequency bands (0 – 4, 7–20, 70 –110,
130 –200, and 200 –300 Hz) by using a fast Fourier transform on
Hanning-windowed, 256 ms segments. These features, binned at 50 ms

intervals, were used to train a Wiener cascade BMI decoder. MSP decod-
ers were built from spike counts binned at 50 ms. LFP and MSP decoders
for BMI control were built on early epochs (10 min blocks) of hand-
controlled reaching behavior and then held static until the end of all data
collection for the entire study (hundreds of days). Monkeys C and M
used each static decoder for BMI control typically two or three times per
week. On most days, the monkeys had epochs of both hand control and
one or more types of BMI control (Flint et al., 2013). The monkeys’ arms
used in hand control were not restrained during BMI control, but the
manipulandum was removed. Their arm movements during BMI con-
trol were not stereotyped, differed from those when under hand control,
and tended to attenuate slightly in amplitude over days.

The dataset used in this study includes BMI control data that were
presented in a previous study (Flint et al., 2013), as well as hand control
data. Days 180 –380 (Monkey C) and 50 –250 (Monkey M) of hand con-
trol were recorded concurrently with the BMI control study.

Stability of single feature decoders. We used two measures of stability in
this study (see “Stability of ensemble tuning” section for details on the sec-
ond measure). The first approach is based on single feature decoders (SFDs),
which had been used earlier to evaluate single-unit stability over 1–2 d
(Chestek et al., 2007). SFDs are constructed by treating each feature of each
input signal as an independent input and calculating the ability of that single
feature to predict the output. Here, we built SFDs using the data from each
recording epoch over a period of 6 months for each feature (frequency band
power or LMP) used in LFP control and for each electrode used in MSP
control. SFDs were trained separately for hand control epochs, LFP control
epochs, and MSP control epochs. After each SFD was trained, we calculated
SFD prediction accuracy using that SFD to predict the actual velocity in five
recording epochs from the end of the study’s data collection period (which
lasted months to years) and averaged the accuracy over those five epochs.
Prediction accuracy was defined as the coefficient of determination (R2)
between the actual cursor velocity (either hand- or brain-controlled) and the
velocity predicted by the SFD. Testing epochs were not used for SFD training
and training epochs were never used for prediction accuracy testing. In the
Results, we report SFD R2 values for each day of the study. To calculate the
prediction accuracy for a day, we computed the average R2 obtained by using
the SFDs trained on all epochs from that day. Examples of single-feature
predictions are shown in Figure 1, C and D. Figure 2A shows SFD prediction
accuracy for each day as a single column; for example, the leftmost column in
Figure 2A shows the SFD prediction accuracy for all features on day 1 of the
study. During hand control, SFD R2 values measured the accuracy of pre-
dictions made by a single feature. During BMI control, the R2 value for each
SFD estimated the contribution of that feature to the BMI (population-level)
decoder.

The entire hand control dataset spanned 1040 d for Monkey C and 800 d
for Monkey M. Figure 2A shows an example color plot of R2 values (for
y-velocity) with N rows and D columns, where N is the number of included
features and D is the number of days in the study. Each column represents
the average performance for all SFDs trained on that day; the performance of
each SFD is obtained as an average over the five testing epochs. We com-
puted the correlation coefficient between each pair of columns in the N � D
matrix of Figure 2A, producing the D � D color map of correlations shown
in Figure 2B. The SFD stability index (SISFD) was then calculated as the mean
of the correlation map across rows (or equivalently across columns), as seen
in Figure 2C (see also Fig. 3C,F); this is similar to the measure in Ganguly and
Carmena (2009). Overall, the color map (Fig. 2B) provides detailed infor-
mation about the stability of the individual features and the SISFD provides a
summary of stability over all features over time.

Features included in the analysis. In this study, we analyzed the perfor-
mance of only those LFP features that were included in the decoder for
LFP-based BMI control. When analyzing MSP stability, we included only
those channels that corresponded to included LFP features so that stability
indices calculated for both LFPs and MSPs would be based on signals from
the same electrodes. As the multielectrode arrays aged, they developed leak-
age (or shunting) between some of the electrodes, likely due to insulation
degradation (Barrese et al., 2013). This shunting manifested itself as an un-
usually high correlation in the signals recorded from pairs of electrodes,
usually those that were physically adjacent on the array. In our analysis for
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this study, we removed from consideration all channels that were shunted
with any other channel.

Stability of ensemble tuning. The second measure of stability used here
was based on the directional tuning of individual features, as in Ganguly
and Carmena (2009). Because movement velocities were in random di-
rections, we evaluated movement direction every 100 ms and grouped
these directions into 12 bins of 30° each. In each 10 min epoch, we
computed the mean of each spike rate and LFP feature value over all
movements that corresponded to each binned direction. This resulted in
a tuning curve with 12 components for each feature/spike in each epoch.
We computed the stability of the ensemble of tuning curves over all
features/spikes used in BMI control (as in Fig. 3 of Ganguly and Car-
mena, 2009). In other words, we calculated the correlation coefficient

between the ensemble of tuning curves of all features from each day
(averaged over all epochs in that day) and the ensemble of curves from all
other days to produce a color map of correlations over days (as for SFDs
in Fig. 2B). The ensemble tuning stability index (SIET) was then calcu-
lated as the mean of these correlations across days (Fig. 3, bottom).

To provide an intuition about the meaning of a given value of SISFD or
SIET, we performed an analysis using simulated data. We started with an
actual ensemble tuning curve (the first column from Fig. 4K ), added
noise with SD � to n of N total features, and computed the SI value for
each value of � (ranging from 0 to 1) and n (ranging from 2 to N ). We
then plotted these SI values in a color plot (Fig. 5). We also calculated the
� that was actually observed in our results from the single features (Fig. 5,
histogram overlay). Therefore, Figure 5 demonstrates how many features
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must vary, and by how much, to arrive at a particular value of the stability
index. We repeated the simulation for SISFD with similar results.

Singular value decomposition analysis. To investigate the variability of
neural activity during BMI control in a more principled manner, we
performed a singular value decomposition (SVD) of the Wiener filter
matrix H. This was an M � (10 N) matrix, where M is the number of
outputs (two in this case, for the two components of the velocity vector)
and 10 N is the number of inputs, given by the number N of neurons (or
features) multiplied by the 10 time lags (the number of taps in the Wiener
filter). At each time lag, the Wiener filter maps N inputs onto two outputs
using the transform h, where h is the subset of H that corresponds to a
single time lag. We used SVD to decompose h into a task-relevant space
(of dimension two) and a task-null space (of dimension N-2). Because
there were 10 time lags in our decoder, we calculated the SVD 10 times
(once for each h) and combined them as described below.

For each time lag, SVD decomposed h into a left orthonormal matrix
U, a scaling matrix � that contained the singular values along the diago-
nal, and a right orthonormal matrix V, such that:

h � U�V�

Where V � refers to the transpose of V. Intuitively, U and V can be
thought of as rotation matrices and � as a scaling matrix. Therefore, SVD
can be thought of as a sequence of three geometrical transformations: a
rotation in input space (V �), a scaling along the new axes (�), and a
rotation in output space ( U). This resulted in 10 V matrices, one for each
lag, denoted as V i, 1 � i � 10. In each case, the matrix V i captured the
corresponding task-relevant neural space through its first two singular
vectors; that is, its first two columns: vj

i or j � 1,2. The SVD has only
two nonzero eigenvalues because the linear filter maps the N dimensional
neural space into a 2D velocity space. For each lag i, the corresponding
null space, is the one spanned by the remaing N � 2 singular vectors, the
columns vj

i for 3 � j � n.
We projected each N-dimensional neural vector x, a vector of either

firing rates (during MSP-based BMI control) or LFP features (during
LFP-based BMI control), onto each of the singular vectors vj

i The projec-
tions �j

i were thus defined as follows:

� j
i � x � vj

i

In a similar manner to the SFD analysis, for each BMI control epoch, we
built two decoders of the BMI-controlled cursor velocity, one based on
the first two projections ��1

i , �2
i �, for 1 � i � 10, and one based on the

remaining projections ��3
i , …, �N

i �, for 1 � i � 10. We evaluated the
performance of these decoders, one for each epoch, based on their ability
to predict the BMI-controlled cursor velocity in the last five epochs—the
same metric as in the SFD analysis. We measured the R 2 performance of
each of these decoders and averaged this performance over all epochs in
a given day. We performed this analysis in congruent control modes: only
on MSPs for MSP-based BMI control and only on LFP features for LFP-

based BMI control. We used the coefficient of variation (CV) of the
performance over all days to quantify variability.

Results
We recorded LFPs and threshold crossings (MSPs) for an ex-
tended time period while two monkeys controlled a computer
cursor using either hand control with a 2D manipulandum (�3
years) or direct brain (BMI) control with LFPs or MSPs (�7
months). Table 1 summarizes the monkeys’ behavioral perfor-
mance during the hand control and BMI control tasks.

LFP and spike movement representations are stable
during reaching
We first investigated how long neural representations of movement
remain stable in the brain during natural motor tasks. SFD perfor-
mance for all LFP features and MSP units (the ensemble “map”) in
Monkey C is shown in Figure 3, A and B. During hand control, both
signal types were highly stable in Monkey M (Fig. 3D,E), whereas
MSPs were less stable than LFPs in Monkey C. This was true both on
a single-feature level (each row in Fig. 3A,D) and for the ensemble as
a whole (Fig. 3C,F). LFPs were significantly more stable than MSPs
during hand control for Monkey C. The mean (	SD) of the SISFD

over all days was 0.92 	 0.05 for LFPs versus 0.77 	 0.10 for MSP
(p � 10�33, t test). LFPs were also more stable than MSPs for Mon-
key M, by a small but statistically significant amount (SISFD 0.98 	
0.02 vs 0.95 	 0.02; p � 10�31).

Ensemble tuning (ET), or directional tuning, of all LFP fea-
tures and MSP units during hand control is shown in Figure 3, G,
H, J, and K. The SIET for all LFP features and MSP units is shown
in Figure 3I (Monkey C) and Figure 3L (Monkey M). LFPs were
significantly more stable than MSPs in both monkeys during
hand control. The mean (	SD) of SIET over all days for LFPs was
0.75 	 0.20 and 0.38 	 0.14 for MSPs for Monkey C (p � 10� 30).
The mean of SIET over all days for LFPs was 0.79 	 0.19 and
0.45 	 0.08 for MSPs for Monkey M (p � 10� 30).

LFP and spike movement representations are stable during
BMI control
We next analyzed the stability of each signal type during BMI control
(Fig. 4). Similar to our results during hand control, we found that
SISFD values indicated stable movement representations in both
LFPs and MSPs (Fig. 4C,F). For Monkey C, LFPs were significantly
more stable than MSPs (SISFD 0.94 	 0.03 and 0.80 	 0.09, respec-
tively; p � 10�19). Monkey M exhibited very stable signals, with an
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SISFD of LFPs (0.99	0.001) that was slightly but significantly greater
than that of MSPs (0.98 	 0.01; p � 10�33). Using ensemble tuning,
a subpopulation of spikes was still stable over time (Fig. 4H,K), but
the population was notably less stable than LFPs. For Monkey C,
SIET was 0.97 	 0.01 and 0.51 	 0.01 for LFPs and MSPs, respec-
tively (p � 10�81). For Monkey M, SIET was 0.97 	 0.03 and 0.57 	
0.02 (p � 10�50).

To help clarify the meaning of SIET values, we computed the
SIET as we introduced different levels of noise into a simulated
MSP dataset (Fig. 5). As an example, a value of 0.5 for SIET means
that if half the population (�30 features) is changing, then those
signals are varying with an SD (�) of �0.11. Alternatively, if the
average � were �0.2, an SIET of 0.5 would mean that �20% of
the population is changing. For reference, we have superimposed
actual � values taken from our data (Fig. 5, histogram overlay).
Similar color maps and histograms were found for SISFD for MSPs
as well as for LFPs (data not shown).

LFPs are highly stable in the time domain and
high-frequency bands
The above results reflect the aggregate of multiple-frequency
bands and time domain (LMP) LFP features. The high-gamma
(70 –300 Hz) band and LMP features contained most of the in-
formation about movement and contributed most to our decod-
ers (Flint et al., 2012b). Therefore, we investigated the stability of
the LMP and the three high gamma bands (�1: 70 –115 Hz, �2:
130 –200 Hz, and �3: 200 –300 Hz) that were used in the BMI
decoders by the monkeys during LFP-based BMI control (Fig. 6).
As anticipated from the monkeys’ stable BMI performance, the
LMP and high-gamma features were highly stable. This mirrored
the stability of the overall population (cf. mean values over time
in Fig. 4C). Interestingly, the �2 and �3 bands were even more
stable than the �1 band for Monkey C. This could suggest that
high-gamma signals, in particular, might provide highly stable
signals for studying neurophysiology and for controlling BMIs.

Figure 3. Stability of LFPs and MSPs during hand control. A, LFP SFD performance map for Monkey C. Rows are sorted within feature type by descending average SFD performance. B, MSP SFD
performance map for Monkey C. C, SISFD values reflect high stability for LFPs (green circles) and MSPs (magenta circles) during hand control in Monkey C. D, E, Same as A and B but for Monkey M. F,
Stability of LFPs was also slightly greater than that of MSPs in Monkey M. G, LFP ET map for Monkey C sorted by feature type. H, MSP ET map for Monkey C. I, Using SIET, LFPs were still highly stable
and MSPs less stable. J, K, Same as G and H but for Monkey M. L, SIET showing that the stability of LFPs was also greater than that of MSPs in Monkey M.
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LFP stability increases during early BMI decoder learning
The prior analyses examined the stability of LFPs during long-
term BMI use. To gain insight into what happens during the early
learning of a new LFP-based BMI decoder and to facilitate com-

parison with prior studies, we also examined the stability over a
short timescale. We selected data from the first 3 d of Monkey C’s
use of an LFP-based BMI decoder different from the one used in
the above analyses. We calculated the SISFD by dividing the data in
those 3 d into 80 epochs of �2 min each and performing the SFD
stability analysis as described previously. The LFPs stabilized on
day 2, after an accumulated task time of �50 min. This was
followed by an extended period of high stability across days 2 and
3 (Fig. 7). This timescale of days for achieving stability is similar

Figure 4. Stability of LFPs and MSPs during BMI control. A, Monkey C’s LFP SFD performance (R 2) during LFP BMI control. B, Monkey C’s MSP SFD performance during MSP BMI control. C, SISFD

values reflect high stability for LFPs (green circles) and MSPs (magenta circles) in Monkey C. D, E, Same as A and B but for Monkey M. F, LFP stability was also higher than MSP stability in Monkey M.
G, LFP ET map for Monkey C sorted by feature type. H, MSP ET map for Monkey C. I, Using SIET, LFPs remained highly stable, whereas MSPs were less stable. J–L, Same as G–I but for Monkey M. SIET

shows that the stability of LFPs was noticeably higher than that of MSPs during BMI control.
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Table 1. Summary statistics of reaching behavior (median � interquartile range)
in each epoch

Reaches/epoch Peak speed (cm/s)

Monkey C
Hand control 659 	 137 27 	 13
LFP BMI control 85 	 22 35 	 20
MSP BMI control 121 	 33 31 	 20

Monkey M
Hand control 561 	 92 23 	 14
LFP BMI control 71 	 17 38 	 37
MSP BMI control 164 	 58 22 	 16
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to the timescale of map stabilization found using small ensembles
of spikes to control a BMI (Ganguly and Carmena, 2009).

Stability measures remain high even when using very
few features
Because we computed stability by simultaneously using a large num-
ber of features with more LFP features than spikes, one possible
concern could be that stability was overestimated due to averaging
effects. We therefore sought to determine how many features must

be included to approach the level of stability achieved by the entire
population. We conducted a feature-dropping analysis to answer
this question. We randomly sampled F features from the population
of LFP or MSP features, where F varied from 1 to 50. For each group
of features, we calculated the SISFD and repeated this 500 times. We
found that a small number of features, 
20 in each case, sufficed to
achieve the SISFD found for the entire population (Fig. 8). Therefore,
our metric was unlikely to overestimate stability due to the large
number of features in the ensemble.

Cortical stability is higher in the task-relevant space than in
the null space
The above analyses showed that LFPs and MSPs were stable over-
all, yet some neurons and features were more stable than others
(Fig. 3B,E). To investigate these differences in a principled man-
ner, we examined the projections of LFP features and spikes into
two neural subspaces: task-relevant and task-null subspaces. We
hypothesized that, if the cortex used a strategy like the MIP of
OFC to control the BMI, then the activity in the task-null space
(or neural null space) should be much less stable than that in the
task-relevant space.

The mean R 2 of the �1,2 decoders (task-relevant space) was
much higher than that of the �3, . . ., N decoders (Fig. 9C–F, null
space). Stability of the decoders based on task-relevant space fea-
tures was not surprising because, by definition, the task-relevant
space should be an excellent predictor of the full Wiener filter
output. What was not certain, however, was whether the variabil-
ity of the predictions would be lower in the task-relevant space
than in the task-null space (Fig. 9A). An alternative possibility
could have been for the variability to be equally low in both
spaces, which would have indicated that all components of cor-
tical activity were controlled with equal precision regardless of

task relevance (Fig. 9B).
We found that the task-relevant SFD

performance showed low variability, as
measured by the CV (CV � 0.010 and
1.8 � 10� 4 for Monkeys C and M, respec-
tively; see Fig. 9C,D). This would be ex-
pected from the stable and accurate BMI
performance previously reported by Flint
et al. (2013). In contrast, the null space
SFD performance had much higher vari-
ability (CV � 0.23 and 0.0026, respec-
tively, using spikes). Similar, but smaller,
differences were found for LFPs be-
tween null space (CV � 0.060 and
0.091) and task-relevant space (CV �
10 � 5 and 6.7 � 10 � 3) SFD perfor-
mances (Fig. 9 E, F ).

Principal components analysis of the
LFP features used in the decoders showed
that 13 (Monkey C) and 17 (Monkey M)
principal components were needed to ac-
count for 80% of the variance in these fea-

tures. This suggested that LFP activity in the null space did indeed
covary substantially with that in the task-relevant space. This
would explain the higher performance and lower variability of
the null space predictions for LFPs than for spikes.

We next tested whether any pair of null space projections
provided as stable an input to a decoder as the pair of task relevant
projections. This allowed us to determine whether the large dif-
ference in the number of � inputs to the decoder (2 vs 83) biased
the stability of the decoding. We repeated the decoder calculation
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using a random subsampling of two � projections in the null
space of LFP control in Monkey C. We repeated this random
subsampling 200 times to obtain a distribution of CVs and com-
pared it with the CV value obtained using {�1, �2} as decoder
input. The entire distribution of predictions based on 2D null
space projections had significantly higher CVs than those based
on task-relevant space projections (p � 0.005 using the cumula-
tive empirical distribution; Fig. 10). Therefore, the increased
variability found in the null space was not due to bias from the
higher number of � inputs to the decoder.

Discussion
The long-term stability of individual MSPs and LFPs in the motor
cortex had not been established previously. We found LFPs to be
highly stable, and MSPs somewhat less stable, over time scales
ranging from 3 d to 3 years. In general, LFPs and MSPs behaved
stably with respect to cursor movement controlled by either the
hand or the brain. LFPs were somewhat more stable than MSPs
during hand control and substantially more stable than MSPs
during BMI control. In particular, we found that signal stability

was much higher in the task-relevant space than the task-null
space, an observation consistent with the hypothesis of optimal
feedback control at the cortical level.

Stability at different spatial scales
Stability of movement representation would seem to be impor-
tant for overlearned, daily activities such as reaching for food.
However, it has been debated whether this high behavioral sta-
bility requires highly stable activity at the neuronal level (Chestek
et al., 2007; Ganguly and Carmena, 2009; Stevenson et al., 2011)
or if stability is a network-level phenomenon that arises despite
unstable representations in single neurons (Cohen and Nicolelis,
2004; Carmena et al., 2005; Rokni et al., 2007). Here, we found
evidence for stability of both MSPs and LFPs at the single-feature
level. Stability was higher at the mesoscopic (LFP) scale than at
the MSP scale and a subset of MSPs were much less stable. This
could suggest that the brain is capable of different levels of control
on mesoscopic (LFPs) and single-neuron scales (Ganguly and
Carmena, 2009), although it could also be due to signal averaging
at the mesoscopic scale.

Some apparent contradictions about stability in published re-
ports are likely due to differences in methods or analysis. For
example, Rokni et al. (2007) found variable preferred directions
(PDs) during a movement task, but measurement noise may have
played an important role in the apparent amount of PD variation
in that study (Stevenson et al., 2011). Two prior studies found
lower stability in ensemble-level, offline decoding (Flint et al.,
2013; Perge et al., 2014) than we saw previously with online BMI
control (Flint et al., 2013) or here using single-feature analyses. In
addition, movement representations may change with learn-
ing of a task (Cohen and Nicolelis, 2004; Chestek et al., 2007;
Mandelblat-Cerf et al., 2009). Ganguly and Carmena (2009)
showed that this phenomenon also occurs when learning a BMI
task using a small ensemble of neurons while requiring the hand
to remain stationary. In our study, as in Chestek et al. (2007),
monkeys performed overlearned control tasks. In addition, our
BMI decoders were biomimetic (trained on actual reaches) and
the monkeys’ arms were not required to remain stationary during
BMI control. These differences may account for the minimal
and rapid early learning required for our BMI task based on
both behavioral performance (Flint et al., 2013) and on SISFD

(Fig. 7). These aspects of our experiment also may have con-
tributed to the highly stable movement representations that
we found.
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One potential concern with our approach could be that our
stability indices were calculated across a large number of features
(or spikes), so the actual stability of individual signals may be
overestimated. To validate our population-level analysis, we re-
peatedly eliminated randomly selected inputs and recalculated
SISFD (“feature dropping”). We found that the high degree of
signal stability observed for LFPs and MSPs was preserved even
when using a very low number of features to compute SISFD

(Fig. 8). In some cases, even as few as five to six features provided
remarkably high stability and, generally, 20 features sufficed to
achieve population-level stability. We found a similar trend for
hand control results (data not shown).

Evidence supporting the minimal intervention principle
According to the MIP, the brain minimizes effort by controlling
only those movement components that are relevant to the task
goals while allowing variability in those movement components
that are unrelated to the task goals. This principle accounts for the
simultaneous observation of highly accurate control of move-
ments in a particular task with substantial trial-to-trial variability
in the way the limb or body moves while achieving the task goal
(Todorov, 2004). The principle predicts low variability in the
task-relevant space and higher variability in the task-null space, a
phenomenon that can be explained by optimal feedback control
(Todorov, 2004) among other models (Martin et al., 2009). Sub-
stantial evidence for this concept was found in modeling and
behavioral studies (Pandy et al., 1990; Scholz and Schöner, 1999;
Latash et al., 2001; Todorov and Jordan, 2002; Scott, 2004) and in
a myoelectric interface study (Nazarpour et al., 2012), although
some evidence against it also exists (Mosier et al., 2005; de Rugy et
al., 2012). Cortical electrophysiological evidence supporting the
OFC framework, but not the MIP, was presented previously in
the context of long-latency stretch responses (Pruszynski
and Scott, 2012). In the current study, direct BMI control using
signals from primary motor cortex provided a unique oppo-
rtunity to study cortical control strategies during voluntary,
goal-oriented behavior without the intervening levels of the neu-
romuscular system (spinal cord, muscle activations, joint biome-
chanical constraints, etc.). Although somatosensory feedback
was intact during BMI control, it did not inform the monkeys
about their performance in the BMI task. Therefore, we were able
to assess directly the relative variabilities in the “neural” null and
task spaces.

Neural patterns during BMI control were extremely stable in
the task-relevant space and more variable in the task-null space.
Although we expected that the task-relevant space would be high
performing and stable and that the null space would be lower
performing on average, there was no a priori reason that the
variability in the null space had to be greater. For example, the
brain could have controlled all of the neural signal components
with equal precision and this would have resulted in a neural null
space with low mean and low variance in performance (Fig. 9B).
Instead, we found low mean but high variance in the neural null
space performance (Fig. 9A). This finding is consistent with the
MIP.

This result was not due to bias from unequal dimensionality of
the input space. None of the 2D combinations of neural patterns
in the null space was as stable as those in the task-relevant space
(Fig. 10). These findings could provide an explanation for the
conflicting evidence of neuronal stability presented in some prior
studies. More importantly, this result provides evidence in sup-
port of the minimal intervention principle in the motor cortex
itself. More direct evidence of cortical signals’ consistency with

the OFC framework would require an examination of trial-by-
trial variability in the task and null spaces. Because our experi-
ments were not designed to track trial-to-trial variability, further
investigation of short-term variability in the neural null and task
spaces is warranted.

Implications for decoding motor intent over long
time periods
By leveraging the ability to decode limb kinematics (Georgopou-
los et al., 1982; Moran and Schwartz, 1999) or kinetics (Evarts,
1968; Fagg et al., 2007; Flint et al., 2014) from cortical activity,
BMIs have the potential to restore lost function to individuals
with paralysis (Hochberg et al., 2006; Collinger et al., 2013; Ethier
et al., 2012). However, single-neuron action potentials are diffi-
cult to record over long time scales with silicon-based arrays and
those that are recorded over long times can exhibit substantial
nonstationarity in their amplitudes and waveforms (Chestek et
al., 2011; Simeral et al., 2011). This variability represents a signif-
icant roadblock to clinically viable BMIs. These issues have fueled
a push toward examining unsorted spikes (MSPs, also called
threshold crossings) and LFPs for decoding movement (Pesaran
et al., 2002; Mehring et al., 2003; Stark and Abeles, 2007; Jarosie-
wicz et al., 2008; Zhuang et al., 2010; Bansal et al., 2011; Chestek
et al., 2011; Slutzky et al., 2011; Flint et al., 2012a; Flint et al.,
2012b; Gilja et al., 2012; Flint et al., 2013; Nuyujukian et al., 2014;
Perge et al., 2014; Todorova et al., 2014). The results reported
here, and our prior results showing high long-term BMI perfor-
mance (Flint et al., 2013), indicate that it should be possible to
decode intended movement accurately over clinically useful time
spans, limited only by recording hardware rather than by inher-
ent instabilities in the neural signals. Although LFPs were more
stable than MSPs, this did not translate to higher BMI perfor-
mance (Flint et al., 2013), possibly because spikes were slightly
more informative overall. Adaptive decoding algorithms (Gilja et
al., 2012; Orsborn et al., 2014) may provide a way to counteract
changes that do occur in neural representations. Further, adap-
tation to BMI decoders is greatly facilitated when the cortical
modulations required to achieve control are within the “intrinsic
manifold” of the cortical activity (Sadtler et al., 2014). This result
was based solely on the analysis of neural activity and did not take
into account the decoder. The findings of Sadtler et al. (2014),
when combined with the results reported here, suggest that a
more judicious design of BMIs may make them both easier to
learn and more stable to use over long periods of time.
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